This paper introduces a novel model predictive control of battery management for a plug-in hybrid electric vehicle. The new features of this study are as follows: (1) the apparent relationship between the battery power and the future road load is addressed in the cost function of the fuel economy optimal control problem with a simplified plugin hybrid electric vehicle energy management system model, (2) the fuel economy improvements using the proposed approach were confirmed quantitatively compared with those using the stochastic dynamic programming approach, (3) the proposed controller can be constructed without the trip distance information which is required in the conventional dynamic control method, (4) all of the plug-in hybrid electric vehicle operating modes: idle stop, engine charge, engine start, electric vehicle, motor assist and electric continuously variable transmission, and regenerative braking, were realized using the proposed model predictive control approach. Effectiveness of the proposed control method is validated on a vehicle simulator provided by the JSAE-SICE benchmark problem 2.
Introduction
In recent years, the plug-in hybrid electric vehicle (PHEV) has become a research hotspot due to the rising price of fossil fuels and environmental problems. PHEVs have been on sale for years, and they maybe a long-term solution to the above problems from today's viewpoint. Hadley and Tsvetkova [1] estimate that by 2030 the market share of battery electric vehicles (BEVs)/PHEVs will reach 25%. Compared with traditional hybrid electric vehicles (HEVs), BEVs/PHEVs have an enlarged battery pack and an intelligent converter [2] . Intelligent converter is a kind of converter to regulate the battery voltage to control the speed of the motor according to some intelligent control algorithms. Using a plug, BEVs/PHEVs can charge the battery using electricity from an electric power grid, also referred to as "grid-to-vehicle" (G2V) operation, or discharge it to an electric power grid during the parking hours, also referred to as "vehicle-to-grid" (V2G) operation. With the introduction of a smart garage, which represents an interface between the transportation network and electric power system, the vehicle charging/discharging infrastructure and control system can be available widely making the proposed idea of vehicle to building viable and economically attractive [3] . A PHEV uses a battery to add an extra degree of freedom to the power sources. It allows to downsize the internal combustion engine, optimize the engine operating point, use the battery electricity, and regenerate dissipation kinematic energy during deceleration, which help to improve fuel economy and reduce exhaust gas emissions [4] , [5] .
The key technology of PHEVs is its energy management. There are two kinds of control strategies for PHEVs: charge depletion and all-electric charge depletion followed by charge sustenance (see Fig. 1 ). The charge sustenance strategy for PHEVs is similar to that for HEVs. The authors of [6] proposed a charge depletion strategy. This strategy can get better fuel economy compared with the all-electric charge depletion followed by charge sustenance control strategy. However this fuel economy improvement is possible if the trip distance has been predetermined for the strategy through either user input or algorithmic prediction. In order not to use the trip distance information, this study presents a control algorithm to operate the engine near the engine best efficiency line. When the trip distance and the driving cycle are known, the charge depletion strategy may be the best control strategy. When the trip distance and the driving cycle are not known, the all-electric charge depletion followed by charge sustenance strategy may be the best control strategy. PHEVs are extension products of hybrid electric vehicles. Although a PHEV is similar to an HEV, it needs to have a high capacity battery and a new control strategy that JCMSI 0005/14/0705-0304 c 2013 SICE manage the connection with the smart home and the smart grid. To make good use of the smart grid and the smart home, the PHEV battery state of charge needs to be scheduled properly to deplete the battery charge to the expected values, when the PHEV reaches the home or the charging station. Since PHEVs have two energy sources i.e. gasoline energy and battery energy that is larger than BEVs' to be planned, PHEVs have more flexibility to be controlled than BEVs. Therefore PHEVs are fit for the smart grid use and the smart home use. Using the model predictive control algorithm, PHEVs can get better fuel economy with causality, and can deal with uncertainties like destination change, road slopes, traffic conditions, and so on. An HEV maintains the battery's state of charge (SOC) in a narrow operating band during the whole trip. However, in a PHEV maximum energy efficiency is achieved if the batteries are depleted to their minimum allowable charge by the end of the trip [7] .
The literature related to PHEV energy management problems provides a lot of approaches using the ideas of modelling and controlling the powertrain components for better fuel economy. A stochastic optimal control approach for power management in plug-in hybrid electric vehicles was proposed by [5] . A comparison of plug-in hybrid electric vehicle control strategies EV and charge-depleting was presented by [6] . Energy-optimal control of plug-in hybrid electric vehicles for real-world driving cycles was proposed by [8] . The Gipps car following model was applied to the local road trip modeling of plug-in hybrid electric vehicle power management using historical traffic data on flat roads in [9] . The authors of [10] proposed a new approach for optimal power management of plug-in hybrid electric vehicles in the charge-depletion mode with driving cycle modeling based on the historic traffic information. Both dynamic programming and the equivalent consumption minimization strategy (see [11] - [13] ) were utilized to optimize the battery state of charge (SOC) profile with terrain, vehicle speed, and trip distance information for a PHEV power management problem in [7] . In conventional energy management strategies of PHEVs, it is necessary to know the trip distance. However in reality, the trip distance is usually unknown, and may be changeable on the way. None of the above literature explores the relationship between the battery power and the future road load clearly; or the quantitative effects of operating the engine at the best efficiency operating points of the engine along the engine optimal operating line (OOL) using a commercially available HEV energy management electronic control unit (ECU) simulator.
Although model predictive control (MPC) is also in the numerical optimization class, its advantage is its predictive nature. The method can use road traffic information in the near future [14] and be applicable to the unfixed speed pattern [15] , [16] . Based on a simple and accurate model of the system, MPC can provide real-time control for the system. This paper examines energy management problem of a power-split PHEV system. Because the power-split PHEV system has functionality of both series and parallel PHEV systems, it has more modes to operate the energy management system for better fuel economy. The simplified modeling method that introduces constraints to reducing the system degrees of freedom is presented.
In this work, we apply the nonlinear model predictive control to the PHEV energy management system, since this sys-tem is nonlinear and requires state and control input constraints consideration. Since the road load which is the driving cycle required vehicle power at the wheels is known in advance, we break the system model into the slow dynamics battery model (high-level model); and the quick dynamics engine and M/Gs models (low-level model). We manage to solve the problem by selecting the battery state of charge (SOC) as the only state of the system and the battery power as the only control input of the system. This paper and the related work by the authors [17] extend the (P)HEV energy management research by adding two novel contributions. First, a new method that makes best use of the battery power to move the engine operating points to the engine optimal operating line is proposed. Second, a new control concept that operates the engine at its optimal operating points during the whole PHEV driving period is proposed. All of HEV operating modes: idle stop, engine charge, engine start, electric vehicle, motor assist and electric continuously variable transmission, and regenerative braking [18] and [19] , can be realized using the proposed approach compared with parts of HEV operating modes using conventional algorithms [20] .
The rest of this paper is organized as follows. In Sect. 2, the nonlinear model of the power-split PHEV energy management system is derived. Section 3 formulates the nonlinear model predictive control algorithm. Section 4 presents the comparative simulation results between the nonlinear model predictive control approach and the stochastic dynamic programming control approach proposed by the authors of [5] . Section 5 provides conclusions.
Nonlinear Model of the Power-Split PHEV System
A conceptual diagram of the plug-in hybrid electric vehicle model is shown in Fig. 2 . The PHEV in this study has the power-split device which has both functionality of a speed coupler and CVT. There are five dynamic components: the engine, the battery, two motor/generators (M/Gs), and the wheels in this power-split PHEV system. The MG1 is utilized to shift the engine operating points to the engine best efficiency line during various road loads.
Since the battery dynamics is the slowest in the power plant, the dynamics of other components in the power plant can be neglected, the system dynamics is dominated by the battery dynamics. Therefore the system dynamics can be reduced to the battery dynamics. This can simplify the energy management scheme. This approach can also be seen in [4] . This simplification is possible because we introduce four constraints: the road load; the torque and speed relation of the speed coupler; the power flow relation among the five dynamic components; and the engine OOL using CVT. The power plant dynamics can be decomposed to the slow dynamics of the battery model, and the quick dynamics of the engine model and M/G model. The property of the power-split device, which reveals the torque and speed relation among the engine, M/Gs, and the road load, can be expressed as follows [22] :
where S and R are the number of the sun gear and the ring gear teeth, respectively; τ M/G1 , τ M/G2 , τ req , and τ eng are the torque of M/G1, M/G2, the road load, and the engine, respectively; ω M/G1 , ω M/G2 , and ω eng are the angular velocities of M/G1, M/G2, and the engine, respectively; and g f is the final drive gear ratio. The power flow relation among the five dynamic components at the inverter and the power-split device are given as
where P batt , P M/G1 , P M/G2 , P eng , and P req are the power of the battery, M/G1, M/G2, the engine, and the road load, respectively.
We assume that the engine always works along its OOL using CVT which can also be considered as a constraint. When the engine power is known, by looking up the table of OOL, the engine optimal speed and torque can be obtained.
We evaluate the fuel consumption using the Willan's line method to reduce the complexity of the engine fuel consumption model. It was found that a good approximation was obtained using the Willan's line method [23] . The fuel consumption rate can be calculated aṡ
where c f is a constant. The parameter β decides the shape of the sigmoid function. The sigmoid function is chosen to evaluate the fuel consumption in case of making the vehicle slow down. So the vehicle is near to fuel cut when it slows down.
The road load is known when the vehicle speed pattern is fixed. From the configuration of the power-split PHEV system, the M/G2 speed is also known as
where r w is the wheel radius; and v req is the required vehicle speed by the driving speed pattern. This driving cycle required vehicle speed is the desired value of the nonlinear model predictive controller. When the driving speed pattern is fixed, the engine and motor/generator dynamics can be neglected, therefore the system dynamics is reduced to the battery dynamics. The only optimization objective is the vehicle fuel economy. The only state variable is the battery SOC, x SOC , and the control input is the battery power. The nonlinear battery model can be described as follows [24] :ẋ (t) = f (u(t)) (5) where x and u are the state and the control input, and V OC , R batt , and Q batt are the battery open circuit voltage, the battery internal resistance, and the battery capacity, respectively. The simplified modeling method is derived from the power relation among the engine, the battery, and the road load. Since these relation are general in a PHEV configuration, this modeling approach explained above can be applied to other PHEV configurations.
Nonlinear Model Predictive Control
We divided the optimal controller into two levels. The highlevel controller finds the optimal battery power, and the lowlevel controller determines the optimal torque and speed of the engine and the motor/generators (see Fig. 3 ).
This work proposes two control strategies: charge depletion strategy and all-electric charge depletion followed by charge sustenance control strategy. There are two PHEV operating modes to be optimized in the two proposed control strategies. They are a charge depleting (CD) mode and a charge sustaining (CS) mode. The optimal control problem corresponding to the CS mode is formulated as
Subject to: P battmin ≤ P batt (τ|t) ≤ P battmax (7) where T is the prediction horizon, x f is the desired final state value, S f ≥ 0, and P battmin and P battmax denote the minimum battery power and the maximum battery power. The objective of this optimal control problem is to minimize the fuel consumption, while the battery SOC is maintained between the bounds. This is achieved by minimizing the cost function L CS , which includes four terms: the fuel consumption, the engine use and the mechanical brake use, the deviation of battery SOC from the reference value, and the penalization of state constraint violations. The cost function L CS is defined as follows: Fig. 3 The proposed PHEV energy management approach.
where SOC d is the desired battery SOC value; w 1 , w 2 , w 3 and w 4 are the weights; SOC minlow and SOC maxup denote the minimum battery SOC and the maximum battery SOC during the CS mode. The log barrier function is introduced as a penalizing term for violations of state constraints. The performance index value becomes very large when the state constraint is being violated.
The two terms containing P req − P batt have different roles. The first term of (8) is for fuel economy evaluation using the Willan's line method in (3) . The sigmoid function in the term will lead the fuel consumption to 0 when the vehicle slows down. Since the motor/generator is much more efficient than the engine, the quadratic penalty term of P req − P batt is introduced to make best use of the battery energy and avoid using engine power.
The optimal control problem corresponding to the charge depleting mode is formulated as
Subject to: P battmin ≤ P batt (τ|t) ≤ P battmax .
The objective of this optimal control problem is to minimize the fuel consumption, while the battery charge is depleted to the minimum. This is achieved by minimizing the cost function L CD , which includes four terms: the fuel consumption, the penalization of state constraint violations, the engine use and the mechanical brake use, and the battery power use. The cost function L CD is defined as follows:
+w y (P req − P batt ) 2 + w e P batt (11) where w x , w y , w d , and w e are the weights. SOC max is the maximum battery SOC during the charge depleting mode. The last term concerning the battery power use is inspired by the equivalent consumption minimization strategy (see [11] - [13] ). The equivalent consumption minimization strategy assumes that the current battery energy use will cost the same amount of fuel energy in the future as it does in the current driving conditions [4] . So this term can control the speed of battery charge depleting.
Since the future road load is known in advance, the authors believe that it is natural and simple to adapt the battery power to the future road load to obtain better fuel economy. This relationship is clearly formulized as the term of the cost function to reduce the use of the engine or the mechanical brakes in the optimal control problem. It can make best use of the battery energy buffer. The battery can assist the vehicle driving during the acceleration process, and recuperate the free brake energy during the deceleration process. The engine operating points can also be shifted to the engine OOL by this adaption.
The inequality constraint in the optimal control problems is converted to an equality constraint by introducing a dummy input u d for computation simplicity as follows:
where P battmax has the same absolute value but the opposite sign as P battmin . To solve these optimal control problems with the calculus of variation method [25] , the Hamiltonian function is defined by
where λ denotes the co-state, and ψ denotes the Lagrange multiplier associated with the equality constraint. The first-order necessary conditions for the optimal control input u, the multiplier ψ, and the co-state λ are obtained using the calculus of variation aṡ
where t 0 is the initial time, and x 0 is the initial state. The derivative of the co-state λ concerning the battery SOC is obtained aṡ
The battery SOC co-state is affected by the battery desired SOC and the bounds of the battery SOC. A large co-state will lead to the small variation of the battery SOC. Conversely a small co-state will lead to the large variation of the battery SOC. Well tuned performance indices and weights can lead to a better system.
At each time t, the optimal control sequence is computed by solving the above optimal control problems during the prediction horizon T . Only the first element of the optimal control is applied. At the next time step, the prediction horizon moves forward and the process is repeated [26] .
Computer Simulation

Comparison Controllers
There are four simulations in this work. They are the allelectric charge depletion followed by charge sustenance control (CDCS) approach using the proposed model predictive control, the charge depletion control (CD) approach using the proposed model predictive control, CDCS using the stochastic dynamic programming control (SDP) approach [5] , and CD using the SDP approach [5] . The first two approaches are the proposed methods in this paper. The driving distance of the 2 US FTP-72 (Federal Test Procedure) cycles simulated successively for the four simulations is 24.14 km. The battery capacity for the proposed two approaches is 2.62 kWh. The battery capacity for the two SDP approaches is 3.46 kWh. The stochastic dynamic programming control approach proposed in [5] utilized the 2002 Toyota HEV Prius model with a double battery capacity. The two proposed model predictive control approaches used the 2004 Toyota HEV Prius model with a double battery capacity. PHEV parameters are not publicized in detail. The battery capacity of the Toyota Prius PHEV is about three times as that of the Toyota Prius HEV. The battery capacity tends to be enlarged in PHEVs. If possible, we want to use the Toyota Prius PHEV parameters; however, we had to use the parameter of the known Toyota Prius HEV. The battery capacity which is 3 times as that of the original 2004 Toyota Prius HEV is not used to avoid too much difference from the original HEV and unreality e.g. overweight or over voltage. The battery parameters in this work are battery capacity of 2.62 kWh, system voltage of 403.0 V, battery resistance of 0.638 Ω. The battery parameters in the SDP approach are battery capacity of 3.46 kWh, system voltage of 615.8 V, battery resistance of 2.000 Ω. The power loss of the battery is direct proportion to the square of the voltage and is inverse proportion to the resistance. The fuel economy advantages of the propose system is at best 25% compared with that using the model in the SDP approach only considering the battery effect. The fuel improvement using the proposed approach is 58%. The effectiveness of the proposed approach is still preferable compared with the SDP approach. Since the model of the two SDP approaches is similar as that in our work, the results are comparable.
Simulation Conditions
Effectiveness of the above proposed approach was validated by the benchmark simulator, which was provided by the Technical Committee on Automotive Control and Model Research (JSAE and SICE Joint) in SIMULINK R and GT-SUITE R [19] . The GT-SUITE engine model which contains the cam valve, thermo, intake air, throttle valve, exhaust gas dynamics has high fidelity. In this simulation, vehicle parameters are obtained from the benchmark simulator. The only difference from the original benchmark simulator data is that the battery capacity is doubled. Specifically, we double the original 28 modules of Ni-MH batteries in the benchmark simulator for 56 modules of Ni-MH batteries in the experimental PHEV of this work. Figure 4 gives the engine OOL of the PHEV system. The total simulation time is 2738 s of the 2 FTP-72 cycles simulated back-to-back. The design specifications require that driver's satisfaction parameter that is a function of the difference between the required vehicle speed and the real speed is above 90%. The sampling time is 0.02 s, and the prediction horizon T is 10 s. The vehicle parameters are m=1460 kg, ρ=1.23 kg/m 3 , C D =0.33, A=1.746 m 2 , g=9.8 m/s 2 , μ=0.015, V OC =403.2 V, R batt =0.6384 Ω and Q batt =6.5 Ah, c f =0.076. The control parameters are β=0.5, SOC d =0.3, SOC minlow =0.2, SOC maxup =0.4, SOC max =0.95, P battmin =−30 kW, P battmax =30 kW, x f =0.3, S f =5 × 10 11 , the weights for the charge depletion strategy w x1 =6, w y1 =300, w d1 =0.001, and w e1 =2500, and the weights for the all-electric charge depletion followed by charge sustenance control strategy w x1 =6, w y1 =300, w d1 =0.001, and w e1 =1200, w 1 =92, w 2 =5 × 10 4 , w 3 =3.5 × 10 5 , and w 4 =0.001.
The nonlinear model predictive control problem is solved using the numerical computation method: the continuation and generalized minimum residual (C/GMRES) method [27] . The C/GMRES method uses forward difference approach (shown below), and discretizes the HEV plant with a sampling interval h to implement the nonlinear MPC algorithm. The flowchart of the nonlinear model predictive control algorithm implementation is shown in Fig. 5 .
The nonlinear model predictive control algorithm is realized by utilizing the C MEX S-function builder in MAT-LAB/SIMULINK. First, the optimal battery power is calculated Fig. 4 The engine OOL of the PHEV system. by the high-level controller. Next, this optimal value is fed into the low-level controller where the optimal torque and speed of the engine and M/Gs are determined. Finally, these actual control input signals are applied to the PHEV energy management ECU simulator. The fuel economy is calculated using the benchmark simulator which is based on the GT-SUITE high fidelity vehicle model. Figure 6 shows the simulation results of the SDP approach. Figure 7 shows the simulation results of the nonlinear model predictive control CD approach. The columns of Fig. 7 from the top are the required vehicle speed by the driving cycle, the power of M/G1, the power of M/G2, the power of the engine, and the battery SOC. The battery is depleted to its minimum allowable charge by the end of the trip. Figure 8 shows the simulation results of the nonlinear model predictive control CDCS approach. At first, the vehicle is driven by M/G2 until the battery charge is depleted to its minimum at 2300 s of the simulation using the charge depleting mode, and then the control is switched to the charge sustaining mode. During the charge depleting mode in the above two proposed approaches, the engine can be turned on to work along its OOL if the driving power or torque requests exceeds the capabilities of the battery or the mo- Fig. 6 State-of-charge response for the blended and CDCS control strategies using the SDP approach on two FTP-72 cycles simulated back-to-back. The blended control strategy is the same as the charge depletion control strategy in this work. Figure referred to [5] . tors. The constraint of the battery SOC is satisfied in the above two proposed simulations. The torque, speed, and power of the engine and M/Gs are reasonable according to the commercially available Toyota Prius HEV energy management ECU in the above two proposed simulations. Overall, the nonlinear model predictive control CD and nonlinear model predictive control Fig. 9 Engine operating points for the blended strategy using the SDP approach on a brake specific fuel consumption map, for two FTP-72 cycles simulated back-to-back. The blended control strategy is the same as the charge depletion control strategy in this work. Figure referred to [5] . Fig. 10 Engine operating points for the CDCS strategy using the SDP approach on a brake specific fuel consumption map, for two FTP-72 cycles simulated back-to-back. Figure referred to [5] .
Simulation Results
CDCS approach use the M/Gs to drive the vehicle, which helps to improve the fuel economy. The two SDP approaches use the battery energy to drive the vehicle firstly without considering the engine optimal operating points, which results in worse fuel economy. The power-split profile of the nonlinear model predictive control CD algorithm is roughly the same as the powersplit profile of the nonlinear model predictive control CDCS algorithm. A significant benefit of the power-split architecture is the fact that it decouples the engine crankshaft from the road, and allows the electric machines to move the engine speed where fuel efficiency is maximized [28] . This is identified by the engine operating points distribution in Figs. 9, 10, 11, and 12. As shown in Figs. 9, 10, 11, and 12, the nonlinear model predictive control CD and nonlinear model predictive control CDCS approach operate the engine at fairly low speed and high torque, which means high engine efficiency and low brake specific fuel consumption values. The nonlinear model predictive control CD and nonlinear model predictive control CDCS approach force the engine to work regularly, above and close to the en- gine OOL. In contrast, the two SDP approaches operate the engine at fairly high speed and low torque, which means low engine efficiency and high brake specific fuel consumption values. By adapting the battery power to the future road load, the nonlinear model predictive CD and nonlinear predictive control CDCS approach develop the ability of the power-split architecture to shift the engine operating points to the engine OOL. As for the two SDP approaches, although they operate the engine at fairly low speed, the engine torque is also low, which means lower engine efficiency and higher brake specific fuel consumption values than those using the nonlinear model predictive control CD approach and nonlinear model predictive control CDCS approach.
The detailed power-split characteristics of the nonlinear model predictive control CD approach, and the nonlinear model predictive control CDCS approach are shown in Figs. 13 and  14 . The nonlinear model predictive control CD approach and the nonlinear model predictive control CDCS approach assist the engine when significant power is requested from the road load, recuperates the free regenerative braking energy during the deceleration period, and runs the HEV in the all-electric mode during the cruise period. All of the plug-in hybrid elec- tric vehicle operating modes: idle stop, engine charge, engine start, electric vehicle, motor assist and electric continuously variable transmission, and regenerative braking, can be realized using the proposed two nonlinear model predictive control approaches. All of these lead to the improvement of the fuel efficiency by making best use of the battery energy buffer. Table 1 presents the overall fuel economy comparison results. We can see that the nonlinear model predictive control CD approach and the nonlinear model predictive control CDCS approach can improve fuel economy by 58.0% and 58.0% compared with the CDCS-SDP approach. The fuel improvement using the CD-SDP approach is less significant compared with those using the nonlinear model predictive control CD approach and the nonlinear model predictive control CDCS approach. The battery is depleted near to its minimum using the nonlinear model predictive control CD approach and the nonlinear model predictive control CDCS approach, which improves the fuel economy significantly. The nonlinear model predictive control CD approach and the nonlinear model predictive control CDCS approach get the same fuel economy but different final battery SOC. Since there is energy dissipated by the mechanical brake and regenerated by the battery, the phenomenon does not violate the law of conservation of energy. These results are promising because the fuel economy is calculated by the GT-SUITE high fidelity HEV model of a real engine. The proposed two model predictive control algorithms are fast for computation. The computer simulation time is 2738 s. The computation time of the proposed two model predictive control algorithms is 1800 s. The simulation is run in a Matlab/Simulink environment using a laptop with an Intel processor at 2.27 GHz processing speed and 2 GB of RAM. The sampling interval is 20 ms. The computation time per sampling interval of the proposed two model predictive control algorithms is 13 ms. So we can conclude that the proposed two model predictive control algorithms have the potential for real-time vehicle control.
Conclusion
Nonlinear model predictive control CD and nonlinear model predictive control CDCS algorithms of a power-split PHEV system had been proposed. The simplified system model of the vehicle system was developed. The major contribution of this study is the simplified models and the combination of Highand low-levels controllers. The validity of the proposed algorithm was demonstrated by the JSAE-SICE benchmark problem 2 simulator. From the significant fuel economy improvement, we conclude that the proposed method has the potential to be realized in the PHEV energy management ECU production. Future work will be focused on unknown future road loads which may cover road slopes and traffic information.
